In this paper we adopt both univariate and bivariate SWARCH models to analyze volatility regime switching and regime interdependence for information technology (IT) stocks in Canada, France, Hong Kong, Japan, Taiwan, the United States and a composite Emerging Markets (EM) index. The results from the univariate SWARCH model suggest that during the Asian, Brazilian and Russian financial crises, prior to the IT bubble, different IT markets exhibited different switching behavior in response to the same crisis.
Introduction
The rapid growth and diffusion of information technology (IT) was a major driver of economic growth throughout the 1990s and, as such, has attracted much attention from analysts and investors alike. Oliner and Sichel (2000) estimated that developments in computer hardware, software and network infrastructure accounted for about two-thirds of the acceleration in labor productivity for the non-farm business sector in the United States (U.S.) between the first and second halves of the 1990s. By 1999-2000 a consensus was emerging that the IT revolution was responsible not only for productivity growth acceleration, but also for a stock market and wealth boom that were spreading benefits to those in the lower deciles of income distribution (Gordon, 2002, pp. 4-5) . Gains in technology fueled the fastest growing companies in history through the second half of the 1990s. Between October 1998 and March 2000 the tech-focused NASDAQ stock market index more than tripled. Cisco Systems, then the world's most valuable company, traded at almost 200 times earnings. In 1990, Cisco Systems, Dell Computer and Microsoft had combined sales of $US2 billion; by 2000 their sales were $US80 billion (Berenson, 2001 ). Writing at the peak of the IT bubble, Gordon (2000, p. 49) lost their jobs (Maich, 2003) . Profits of Yahoo, a company whose primary source of revenues is online advertising, collapsed from earnings of nearly $US300 million in 2000 to almost nothing in 2001. Yahoo's stock price slumped from a high of about $US 240 in early 2000 to $US 17 on March 9, 2001 , the first anniversary of the 5000-level peak of the NASDAQ. Over the same period, IT stocks in countries other than the U.S also collapsed, focusing attention on the fact that the collapse in IT stocks was a global phenomenon.
Many researchers have examined interdependence, volatility transmission, and market integration among major national stock markets. Important studies include Jeon and von Furstenberg (1990) , Hamao et al. (1990) , Campbell and Hamao (1992) , Longin and Solnik (1995) , Hamori and Imamura (2000) , Masih and Masih (2001) and Edwards and Susmel (2001) among others. A common finding in these studies is that co-movement across national stock markets has increased since the 1990s. This finding has resulted in growing interest in the importance of industry factors in explaining international return variation as investors consider alternative diversification strategies to reduce risk. Baca et al. (2000) reported that the importance of global industry factors in explaining international return variation increased in importance in the late 1990s. Cavaglia et al. (2000) and L'Her et al. (2002) found that industry factors had become more important than country factors in explaining variations in share returns in the late 1990s.
However, overall, as a subset of the literature on co-movements between national stock markets, there are relatively few studies that have examined industry-based stock market interdependence. Of the studies which do, Jorge and Iryna (2002) applied univariate T-GARCH models to examine whether price changes and volatility spillovers were generated from the U.S. or from the Asia-Pacific region, using stock data for the Telecommunications, Media and Technology (TMT) and non-TMT sectors from January 1990 to May 2001. Their findings suggested that the U.S. market plays an important role in determining price dynamics in Asia-Pacific stock markets for both the TMT and non-TMT sectors. They also found that Asia-Pacific stock markets have little or no effect on U.S. stock markets, especially for TMT stocks. Jeon and Jang (2004) To this point there is little research that analyzes the volatility of IT stocks. One study that does is an unpublished working paper by Ryan (2002) . Ryan (2002) attempted to use a SWARCH model to identify regime switches in volatility and to analyze the volatility regime dependence of French IT stocks on U.S. IT stocks. However, his findings are suspect on econometric grounds because Ryan (2002) ignored both changing regime parameters and correlation parameters in the variance-covariance matrix of the bivariate SWARCH model. Given the important role the IT sector has played in the world economy since the mid-1990s as well as the interest it has attracted amongst investors, it is somewhat surprising that more research does not exist on co-movement between different IT markets. From the perspective of investors in IT stocks, it is interesting to examine co-movement between IT markets because if one IT market suffers a local shock, it is important to know whether other IT markets will be similarly affected.
In this paper we address this gap in the literature by applying both univariate regime switching ARCH (SWARCH) (Hamilton and Susmel, 1994) and bivariate SWARCH models Susmel, 2001, 2003) to analyze volatility regime switching and regime interdependence of IT stocks for Canada, France, Hong Kong, Japan, Taiwan, the United States and a composite Emerging Markets (EM) index.
1
Modeling volatility in IT markets with regime switching techniques is important because abrupt events in these markets have been common place over the past decade. Compared with traditional techniques of modeling volatility such as ARCH/GARCH models, one advantage of SWARCH models is that they allow stochastic regime shifts in the conditional volatility and assume that the transition between regimes is governed by a discrete state and hidden Markov process. Consequently the SWARCH model can avoid the misspecification problems of GARCH models when the volatility process is subject to abrupt changes (see Diebold, 1986; Hamilton and Susmel, 1994; Lamoureux and Lastrapes, 1990) .
The remainder of the paper is organized as follows: Section 2 gives an overview of the markets and discusses the data and methodology. The empirical results are presented and analyzed in Section 3 and the final section contains some concluding remarks.
Foreshadowing our main findings, the results from the univariate SWARCH model 1 The Datastream Emerging Market index contains IT stocks from Columbia, China, Cyprus, Czech Republic, Hungary, India, Israel, Korea, Malaysia, Poland, South Africa, Taiwan, Thailand and Turkey. confirms the presence of regime switching in the volatility of IT stock markets and further indicates the existence of three separate regimes for each IT stock market. We find that volatility switching patterns differ across stock markets in response to the Asian, Brazilian and Russian financial crises, but they had similar reactions to the formation and spread of the IT bubble that commenced in 1999. All markets switched to a high volatility regime in the period following the collapse of the IT bubble, while all stocks gradually switched to a low volatility regime as IT markets stabilized. We interpret our findings as suggesting that prior to the IT bubble in mid-1999 country effects were more important for IT stocks, but the effect of the IT bubble was to make industry effects more important than country effects for IT stocks. The results from the bivariate SWARCH model indicate that the Hong Kong and French IT markets are independent of the U.S. IT market and while there is evidence of volatility regime dependence of the Canadian, Japanese and Taiwanese IT markets as well as the EM index on that of the U.S. IT market, none of these IT markets share a common volatility regime with the U.S. IT market.
Overview of the Markets, Data and Methodology
The data consists of the EM composite IT index and the IT indices for the United States (US), Canada (CA), France (FR), Japan (JP), Taiwan (TW) and Hong Kong (HK) available in Datastream
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. Table 1 provides an overview of the stock markets in the six countries with separate stock market indices. With the exception of Taiwan, each of these countries is classified by Standard and Poors (2004) as a developed market. The sample contains three of the major Asian markets, a major European market and the two major - Instead of using daily data as some previous studies have done (see e.g, Ryan, 2002) to address the problem of non-synchronous trading (Lo and MacKinlay, 1988) we use the weekly Wednesday stock price indices for the IT sector that are complied by Datastream.
The data are for the period January 1995 to July 2005, which gives a total of 554 observations. To avoid exchange rate bias, all indices are expressed in US dollars. This follows the approach in several similar studies (see Edwards and Susmel, 2001; Geert et al., 2005; Cappiello et al., 2006 and Tai, 2007) . The log of weekly returns:
is used where t r is the weekly continuously compounded rate of return and t p is the corresponding price index on date t for each of the IT stock price indices.
We employ a SWARCH model in our study because, in contrast to the standard ARCH/GARCH models, it enables the incorporation of regime shifts or structural breaks in the conditional variance process.
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As discussed by Hamilton and Susmel (1994) , during regime shifts the behavior of time series could change dramatically. Thus, both univariate and bivariate SWARCH models have to be used together to circumvent this problem. In this section, we first discuss the univariate SWARCH model used to analyze the volatility behavior for each IT market and then outline the bivariate SWARCH framework used to estimate volatility dependence between two series simultaneously.
Univariate SWARCH Analysis
We first adopt the regime switching ARCH (SWARCH) model developed by Hamilton and Susmel (1994) to model the conditional variance for each of the return series. The settings of the SWARCH (K, q) for t r are defined as follows:
where t r is the return of an index at time t defined in Equation (1) 
The conditional variance of t  is: 
The K-state regime switching is assumed to follow a Markov process with probability:
At time t-1 in Regime i, the stock market will change to Regime j with fixed probability ij p . The conditional distribution for any future regime 
All estimators can be obtained by maximizing the following log-likelihood function:
Estimating the model gives the "smoothed probability" ) , ,
provides information on the likelihood that the index is in a particular volatility state at time t, based on the full sample of observations. This provides a useful tool to examine volatility switching evolution in each IT market. Initially, in the analysis, we do not impose any constraint on the transition probabilities in the estimation except 0
. However, the unrestricted MLE could fall into the boundary of 0  ij p and when this occurs the regularity conditions will be violated 4 . To address this issue, we set 0  ij p and treat this parameter as a known constant for calculating the second derivatives of the log-likelihood function. In addition, we also employ several randomly generated starting values in the estimation to check the consistency of the estimates and to reduce the possibility of attaining any local minimum.
Bivariate SWARCH Analysis
While univariate SWARCH analysis can offer some useful insights into the nature of volatility associated with different IT markets, it cannot be used to examine the interrelationship between volatility across markets. To address this issue, we adopt a 4 In this case we can obtain the likelihood value, but we cannot obtain standard errors for the estimated coefficients.
multivariate SWARCH framework developed by Susmel (2001, 2003) to test whether volatility is independent across IT markets. In principle, volatility could be independent across IT markets if the IT markets are isolated. If, however, these markets are driven by common factors, shocks will be transmitted rapidly across markets and volatility will not be independent across IT markets. In order to keep the number of parameters small enough to make the estimation tractable, we analyze pairs of markets.
As the IT industry in the U.S. holds a leading position in the world, and its stock prices are closely monitored by investors globally, we examine whether volatility in each of the IT markets in the non-U.S. countries in the sample is dependent on the IT market in the U.S. More specifically, we test two null hypotheses; namely, the independent volatility regime hypothesis and the common volatility regime hypothesis. The independent volatility regime hypothesis states that the volatility regime of the non-U.S. IT market is independent of the volatility regime of the U.S. IT market. The common volatility regime hypothesis states that the IT market of each of the countries other than the U.S. in the sample shares a common volatility regime with the U.S. IT market.
As bivariate SWARCH analysis is extremely computationally intensive, in this study we restrict the SWARCH model to analyze only two volatility regimes (low volatility and high volatility) and one ARCH term in the conditional variance process (SWARCH(2,1)) .
To construct the model, we use an AR (1) process to specify the conditional mean due to partial-price adjustment, limit-price policy, the existence of feedback trading and other forms of market friction (Kim and Rogers, 1995; Koutmos, 1998; Antoniou et al., 2005) .
With this bivariate AR(1)-SWARCH (2,1) specification, the total number of states is four; namely, the low and high volatility regimes of U.S. matching against the low and high regimes of other markets respectively. Here, we use superscripts x and y to denote the U.S. and a non-U.S. market respectively. The four possible states, This is a general regime specification encompassing a range of interactions between any volatility regime in the U.S. and any volatility regime in one of the other countries in the sample being studied. The switch between regimes is then governed by a 4x4 transition probability matrix
with each element defined as:
The bivariate AR(1)-SWARCH(2,1) model can then be written as:
where vector of disturbances assumed to follow a bivariate normal distribution with zero mean and a time varying conditional covariance matrix, t H , which is regime dependent and specified as a constant correlation matrix where the diagonal elements . Based on this restriction, the covariance yx t h is specified as:
In this study, we apply a two-step process to examine formally the volatility regime interdependence between each of the non-U.S. IT markets and the U.S. IT market. We first estimate the unrestricted bivariate AR(1)-SWARCH(2,1) model with the general transition probability matrix described in Equation (8), and thereafter test the independent volatility regime hypothesis. For those IT markets where the null hypothesis of independence is rejected, we examine the null hypothesis that there is a common volatility regime.
The rationale for the independent volatility regime hypothesis is straightforward. If the volatility regimes of x and y are independent, each transition probability in Equation (8) 5 All estimations in this study are implemented using the OPTIMUM module of GAUSS with a combination of the BFGS numerical algorithm as described in Gill and Murray (1972) .
will collapse into the product of two independent transition probabilities. Thus, the independent volatility regime hypothesis infers the following transition probability 
If the independent volatility regime hypothesis is rejected, we further examine the common volatility regime hypothesis between the IT market in the U.S. and the IT market in the other countries in the sample. Take 
Thus, the common volatility regime hypothesis implies that the transition probability matrix will become: 
The independent volatility regime hypothesis can be investigated by employing the Likelihood Ratio Test (LRT). Estimation of the unrestricted bivariate AR(1)-SWARCH(2,1) model is first conducted to obtain the corresponding log-likelihood function, U L log . A restricted model with transition probability matrix as in Equation (12) is then estimated, yielding the log-likelihood R L log . The null hypothesis of volatility regime independence can then be examined using the LRT
. Under the null hypothesis, this statistic follows a chi-squared distribution with k degrees of freedom where k is given by the number of additional parameters estimated under the alternative hypothesis. Rejection of the hypothesis infers that the volatility regimes of the two markets are not independent. For those pairs where the null hypothesis of independence is rejected, we follow a similar procedure to test the null hypothesis of a common volatility regime.
Empirical Results
We plot the stock price indices in the IT sectors for each of the countries being studied in Figure 1 . Figure 1 shows clearly that stock prices in the IT sector increased rapidly prior to 1999 and slumped sharply after 2001. Table 2 series.
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Insert Figure 1 and Table 2 here
To begin with, we model the conditional volatility for each IT stock market by using the univariate SWARCH framework to examine the change effect in the variance regimes.
The univariate SWARCH (3,1) model with three regimes and one autoregressive coefficient in the variance equation is the best specification based on the Akaike Information Criteria (AIC). indicates no serial correlation in either the residuals nor the squared residuals, inferring that the fitted model is appropriate. Table 3 here
As shown in Table 3 , the estimated scale changing regime parameters for variances in Regime 2 (g2) and Regime 3 (g3) are significantly different from unity, suggesting that 6 The AIC is calculated as a value of the likelihood function depending on k number of parameters in the model. For all IT markets except France, SWARCH (3,1) was selected as the best specification. For France, the AIC of SWARCH (3,1) is -1626.91, which is only marginally smaller than -1626.38 of SWARCH (2,1). As the SWARCH (3,1) model carries more information on volatility regimes than the SWARCH (2,1) model, we prefer SWARCH(3,1) for the French IT market here. structural shifts have to be taken into account when modeling the volatility processes for all series. The results also indicate the existence of three separate volatility regimes:
"low", "medium" and "high" volatility regimes for each IT stock market. In addition, g2 and g3 provide useful information on the structural change in these markets. More specifically, they reveal volatility magnitude ratios of high volatility and medium volatility regimes respectively relative to a low volatility regime. These ratios vary greatly across markets. For example, for the U.S., the conditional variance in high (moderate) volatility regime is on average 7.67 (2.59) times of that in the low volatility regime. The corresponding ratios are 19.66 and 3.45 for Hong Kong. Thus, the relative strength of high volatility to low volatility regimes in the U.S. IT market is much smaller than that in the Hong Kong IT market. This implies that the IT stock market in Hong Kong is more volatile than that in the U.S. and that, consequently, a high volatility regime has a larger impact on the Hong Kong IT market than on the U.S. IT market.
In addition to providing the relative magnitudes of variances at different volatility regimes as discussed above, the SWARCH model can also be used to measure the proportion of time the market remains in a particular regime. The Ergodic probabilities ω1, ω2 and ω3 in Table 3 reflect this information. The low volatility regime dominates the IT markets in France, Hong Kong and the EM composite index for most of the period while the medium volatility regime dominates the IT markets for the U.S., Japan, Canada and Taiwan. The results also indicate that, although no market remains in the high volatility regime for most of the time, the IT market for Canada was highly volatile for 32.8% of the period being studied. Thus, investment risk for investors in the Canadian IT market has been sizeable. 20 The matrix of the transition probability of the SWARCH model is also reported in Table 3 This suggests that the high volatility state follows the medium volatility regime and that the market cannot jump to the high volatility regime directly from the low volatility regime.
A particularly attractive feature of the SWARCH model is that the estimates of the smoothed probability provide a useful means to study volatility regime shifts among different markets. Figure 2 plots the weekly stock return series in the first panel and plots the smoothed probability in the second through fourth panel in Regime 1 (low volatility), Regime 2 (moderate volatility) and Regime 3 (high volatility) respectively for the IT markets in each of the countries in the sample. We follow Hamilton's (1989) procedure for dating regime switches which classifies an observation as being in Regime i if the smoothed probability ) , ,
is bigger than 0.5. Figure 2 provides a visual examination of the volatility switching patterns across markets.
--------------------------------------------Insert Figure 2 here ---------------------------------------
The volatility switching behavior in the U.S., Japanese and Canadian IT markets differs from that in Hong Kong and the EM composite index. Comparatively speaking, the markets of the latter group are more apt to shift between the three volatility regimes. One 7 For Hong Kong, we find 23 p is bigger than 13 p .
explanation for this phenomenon is that investors in developing markets are not as confident of market prospects relative to those in developed markets. It follows that their adjustments are responsive to a broader set of market information, i.e. any shock that disturbs index return parity conditions or the risk component in the local and international IT industries will lead them to adjust their portfolio allocation. In contrast, investors in the Canadian, Japanese and U.S. IT markets are more certain about market prospects and, thus, are not as likely to shuffle portfolios and this reduces volatility switching. Table 4 provides the periods of the three volatility regimes for each IT market based on the the IT bubble, country effects were more important for IT stocks but the effect of the IT bubble has been to make industry effects more important than country effects in explaining the volatility switching behavior of IT stocks.
-------------------------------------------
Insert Table 4 here
The estimation of the bivariate SWARCH model for each of the countries reported in Table 5 contains the estimated SWARCH parameters, the estimated state-dependent correlation coefficients and the Likelihood Ratio Tests for the null hypothesis of volatility regime independence and the null hypothesis of a common volatility regime for each country. As indicated in the table, the scale parameters of the volatilities in Regime 2 (g2x and g2y) are statistically significant in all markets, suggesting that structural shifts have to be taken into account when modeling their volatility processes. As shown in the table, for the U.S., when taking the regime shift in variance into account jointly, the variance in the high volatility regime is around three times that in the low volatility regime. For the other markets, the largest volatility shift in the IT market occurs in Hong Kong. Its variance in the high volatility regime is over eight times larger than that in the low volatility regime.
The ARCH effect for the markets is small, with only the estimated ARCH terms for Taiwan and the EM composite index being statistically significant. Table 5 here
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The correlation coefficients ρ-lv and ρ-hv among the markets are highly significant. Interestingly, the correlations move in different directions when the U.S. shifts to a high volatility regime. For example, in the US-CA, US-JP, US-HK and US-EM relationships, the correlations become smaller when the U.S. IT market is in a low volatility regime than when the U.S. IT market is in a high volatility regime. However, the reverse is true for the US-FR and US-TW relationships. Of particular interest for each pair of countries as shown in Figure 3 are the first and last panels since the common volatility hypothesis implies that the low (high) volatility regime of one market could move with the other markets in the same low (high) volatility regime. As can be observed in Figure 3 , the two states, This result is suggestive that the volatility regime of these IT markets could be linked in the same direction.
We applied the SWARCH specification with the transition probability matrix specified in Equation (11) to the data to examine the independent volatility regime hypothesis. As shown in Table 5 , the null hypothesis is rejected for the US-CA, US-JP, US-TW and US-EM pairs, but not for the US-FR and US-HK pairs. Thus, we conclude that the volatility regime of the IT markets in France and Hong Kong is independent of the volatility shifts in the U.S. IT market. Finally, we test the common volatility regime hypothesis for the US-CA, US-JP, US-TW and US-EM pairs. The results, which are reported in Table 5 , indicate that the null hypothesis of a common volatility regime is rejected for each of these four pairs of countries.
Conclusions
In this paper we have analyzed the volatility regime switching and regime interdependence of a group of IT stock markets by using both univariate and bivariate SWARCH models. The results confirm the presence of a structural break in the volatility process and indicate the existence of three separate regimes for each IT market. We find that volatility switching patterns differ across markets. Of each of the markets, Hong Kong is the most volatile market in the sense that it has the largest variance magnitude ratios between high volatility and low volatility regimes as well as the most frequent shifts across the three regimes compared with other markets. The main finding from the univariate SWARCH model is that while the IT markets under consideration exhibited different responses to major international financial crises prior to the IT bubble of the late 1990s, they all had similar reactions to the formation and spread of the IT bubble and their volatility regime switching behavior has been similar in the period since the collapse of IT stocks. During the IT bubble all IT markets switched to a high volatility regime and since the IT bubble all markets have become less volatile, gradually switching to the lower volatility regime as the IT market has stabilized. This finding suggests that industry effects have become more important than country effects in explaining volatility shifting behavior in IT stocks since the formation and spread of the IT bubble in the late 1990s.
Based on our bivariate SWARCH analyses, there is strong evidence of volatility regime dependence of the Canadian, Japanese, Taiwanese and EM IT markets on that of the U.S.
IT market although none of the IT markets in these countries share a common volatility regime with the U.S. IT market. Meanwhile, we found that the volatility regime of the French and Hong Kong IT markets is independent from that of the U.S. IT market. One limitation of our findings is that the bivariate SWARCH model adopted to examine markets interrelations can only capture the shift in ARCH terms. Further research is needed to develop a bivariate SWGARCH model that is able to capture possible shifts in both ARCH and GARCH terms, to analyze regime independence and correlations between IT markets. In this study we assume the conditional distribution is Gaussian.
However, sometimes this cannot account for all the leptokurtosis in financial data. Thus, another avenue for further research might be to explore the use of more flexible distributional forms that can accommodate leptokurtosis in a parsimonious framework. Note: ***, ** and * indicate statistical significance at the 1%, 5% and 10% level, respectively. g2 and g3 are scale parameters that capture the size of volatility in regime2 and regime 1. ω1, ω2 and ω3 are ergodic probability of regime 1, 2 and 3; L-21, L-22 and L-32 are the log-likelihood values for the SWARCH (2, 1), SWARCH (2, 2) and SWARCH (3,2) models respectively. The Jarque-Bera statistic has a 2  distribution with two degrees of freedom under the null hypothesis of normally distributed errors. LB (5) and LB (10) Note: ***, ** and * indicate statistical significance at the 1%, 5% and 10% level, respectively. Subscripts x and y denote the U.S. and a non-US country respectively. g2 is a scale parameter that capture the size of volatility regime 2. ρ-lv and ρ-hv denote the correlation between the US and non-US markets when the US market is in a low volatility and high volatility regime respectively. ω1, ω2, ω3 and ω4 are ergodic probability for states 1, 2, 3 and 4, respectively. The Jarque-Bera statistic has a 2  distribution with two degrees of freedom under the null hypothesis of normally distributed errors. LB (5) and LB (10) are the Ljung-Box statistics based on the levels of the time series up to the 5th and 10 th order. LB 2 (5) and LB 2 (10) are the Ljung-Box statistics based on the squared levels. Both statistics on the levels and squared levels are asymptotically distributed as 95  96  97  98  99  00  01  02  03  04  05 
